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Revision
Abstract - Brazilian fruit culture has a great influence on the social and economic sector in the 
most diverse regions of the country, generating employment and income in the exercise of its 
activities. As it is an activity carried out most often in a manual and conventional manner, fruit 
culture has a great potential for technological growth, especially when adopting the concepts 
applied by precision agriculture on the crops of grains, fibers and energy, creating a new segment, 
Precision Fruit Farming. The present work aims to carry out a bibliographic review on the main 
trends that have emerged in the last five years on Precision Fruit growing, highlighting its future 
perspectives and the history of technological evolution. 83 articles were analyzed, classified in 
different perennial cultures and applications, such as machine learning, remote sensing, robotics, 
using UAV to obtain different vegetation indexes, among others.
Index Terms: Machine Learning; Vegetation Indexes; Robotics; Remote sensing; UAV.
Tendências da agricultura de precisão em fruticultura 
no período de 2016 A 2020
Resumo - A fruticultura brasileira exerce grande influência sobre o setor social e econômico 
nas mais diversas regiões do País, gerando emprego e renda no exercício de suas atividades. 
Por se tratar de uma atividade realizada, na maioria das vezes, de forma manual e convencional, 
a fruticultura possui grande potencial de crescimento tecnológico, principalmente ao adotar os 
conceitos aplicados pela agricultura de precisão sobre as culturas de grãos, fibras e energia, criando 
um novo segmento, a Fruticultura de Precisão. O presente estudo objetivou realizar uma revisão 
bibliográfica sobre as principais tendências que surgiram nos últimos cinco anos sobre a Fruticultura 
de Precisão, destacando suas perspectivas futuras e o histórico de evolução tecnológica. Foram 
analisados 83 artigos, classificados em diferentes culturas perenes e aplicações, como machine 
learning (aprendizado de máquinas), sensoriamento remoto, robótica, utilização de VANT para 
obtenção de diferentes índices de vegetação, entre outras. 
Termos para indexação: Aprendizagem de Máquina; Índices de Vegetação; Robótica; 
Sensoriamento Remoto; VANT.
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Introduction 
In recent years, fruit production in Brazil has stood 
out as one of the main agricultural activities in the country, 
exerting great influence on the social and economic sector. 
The growing emphasis is linked to some important factors 
of the fruit scene, such as the generation of jobs and 
income in small areas and the high added value in its final 
product. In addition, Brazil has a wide variety of crops that 
adapt to the most diverse regions of the national territory. 
According to the Brazilian Association of Producers 
and Exporters of Fruits and Derivatives (Abrafrutas), fruit 
production has more than 2.5 million hectares in all regions 
of the country. The production volume in 2018 reached 
44 million tons and the sector employed 16% of the total 
agribusiness vacancies. This is because the activity has a 
high productivity in smaller areas, between 30 and 80 tons 
ha-1, while other crops such as soybean have a yield of 2.5 
to 3.5 tons ha-1 or corn, which reaches up to 12 to 15 tons 
ha-1. The study also states that for every 10 hectares destined 
for fruit production, around 25 people are employed, while 
for the cultivation of soybeans the same 10 hectares need 
only one collaborator (ABRAFRUTAS, 2018). 
As a result of the potential of fruit growing in the 
Brazilian territory and its socioeconomic importance, it is 
necessary to adopt agricultural production systems based 
on the application of various cultural practices, optimized 
based on the use of available technologies. Depending 
on the culture or region of the country, the technological 
profile varies from medium to high, increasingly common 
among medium and large producers, and assists in carrying 
out production planning in an integrated and systemic 
manner, increasing production capacity, minimizing 
costs with the purchase of inputs, maximizing profits and 
maintaining environmental balance (LIU et al., 2006).
According to Bassoi et al. (2014) the systems 
currently used in fruit growing are characterized by the 
implementation of various agricultural practices during the 
crop cycle, with concern for the quality and quantity of 
production, given the possibility of serving both industry 
and direct sales to the consumer (GEBLER et al., 2015).
Therefore, an opportunity is created for the 
application of the modern techniques of Precision 
Agriculture as a way to improve the management of these 
systems regarding the use of management practices that 
take into account the differences between the quantitative 
and qualitative factors, presence or absence of biotic 
factors (pests and diseases), soil, plant and climate, which 
directly or indirectly influence production systems. 
Precision Agriculture (PA) can be defined as a 
technique that makes intensive use of data to understand 
the variations of natural resources in an area, linked to the 
elements that affect production (SRINIVASAN, 2009).
The current scenario of PA is entirely linked to the 
cultivation of the main crops of grains, fibers, sugar cane 
and some perennial crops that focus their results only on 
gross productivity, such as coffee and oranges. However, its 
potential for use goes far beyond. Recently, fruit growing 
has adopted practices used by conventional PA, thus 
emerging a new term in the agricultural environment known 
as Precision Fruit Farming (PFG) (GEBLER et al., 2015), 
which can be described as a cycle that is repeated annually 
in perennial culture, from implantation to the eradication 
of plants in an area (Figure 1). 
Because it is a recent activity and presents different 
particularities and needs in relation to conventional 
PA, PFG has been arousing the interest of research, 
which seeks pioneering solutions to the main challenges 
encountered in the sector, given that the focus on 
product quality becomes more relevant than productivity 
(GEBLER et al, 2015; ZUDE-SASSE et al., 2016). Thus, 
since even maintaining the basic logic of traditional PA, 
there is a need to incorporate extra factors in the collection, 
organization, data evaluation and decision making, always 
focusing on achieving the final goal of production with 
viable commercial profitability. Therefore, new trends 
in agriculture applied to the fruit environment have 
been discussed, such as the use of artificial intelligence 
algorithms from machine learning (machine learning), 
unmanned aerial vehicles (UAVs), computer vision and 
even robotics, mainly in highly demanding activities of 
labor, which are increasingly expensive and scarce. 
The use of these techniques allows greater capture 
of the variations that occur in the cultivated areas, and 
may provide the implantation of a commercial cultivation 
system capable of reducing the variability of the intrinsic 
characteristics of the soil and the establishment of an 
adequate agricultural planning. In this way, areas with 
similar characteristics to each other receive the same set of 
agronomic practices and areas with differentiated behavior 
are endowed with a set of different practices.
However, unlike conventional PA, in most cases 
intensely mechanized and widespread in grain cultivation, 
Precision Fruit Farming lacks not only the use of qualified 
labor, but also the development of appropriate instruments 
and tools for the solution of more diverse situations 
found in the field, whenever linked to problems of spatial 
or temporal variability (ZUDE-SASSE et al., 2016). 
Therefore, the objective of this work is to carry out a 
bibliographic review on the main trends that emerged 
between the years 2016 and 2020 on Precision Fruit 
growing, highlighting its future perspectives and the 
history of technological evolution behind this activity so 
important for Brazil. 
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Figure 1. Use cycle of precision fruit growing.
Recent technological developments 
in fruitculture 
From the development of the first studies on 
PFG, around the 2000s, and with the wide worldwide 
consumption of fruits, there was an expressive growth in 
the search for improvements in productivity and quality 
of fruit production with the help of technologies (devices 
and instruments) able to obtain information in real time 
(wind speed and direction, precipitation, air temperature 
and humidity, solar radiation, soil moisture, etc.), helping 
to optimize processes in different cultures. In this context, 
several technologies emerged to improve production, 
moving from manual or mechanical processes to an 
instrumentation phase, which was only possible due to the 
progressive development in the evolution of electronics. 
Within the instrumentation dynamics in the area of 
crop mapping, several sensors linked to remote sensing have 
emerged, which record and capture the energy reflected by 
the elements of the earth’s surface and generate data without 
physical contact with the culture, enabling the generation 
of various information. Depending on the characteristics 
presented, these sensors can be installed on terrestrial, 
aerial and orbital platforms (FLORENZANO, 2005), 
integrating data from other sources in order to generate 
assertive decision making for the producer. As a benefit, this 
contributed to the improvement in orchard management, the 
monitoring of work metrics, loss resolution, among others. 
When using aerial digital images, information 
is collected using UAVs or orbital platforms (artificial 
satellites), generating vegetation indices that enhance 
spectral responses and facilitate correlation with other 
parameters, being able to support decision-making in the 
field. Rodrigues et al. (2017) compared and correlated 
the vegetation indices: NDVI (Normalized Difference 
Vegetation Index), GNDVI (Green Normalized Difference 
Vegetation Index), NDWI (Normalized Difference Water 
Index), MNDWI (Modified Normalized Difference Water 
Index) and the REP (Red Edge Position), with in situ data 
referring to soil fertility and mineral nutrition of plants in 
banana cultivation in the municipality of Lavras (MG). 
The results of their research were the GNDVI, which 
proved to be more suitable for this type of analysis. 
In citrus, Abdulridha et al. (2019) tested 31 
vegetation indices from images obtained by hyperspectral 
sensors coupled to a UAV, in order to verify which index 
had the best performance in the evaluation of citrus canker 
(Xanthomonas citri subsp. Citri) under laboratory and 
orchard conditions. As a result of the evaluation of the 
indices, the author concluded that the WI (Water Index), 
TCARI (Transform chlorophyll absorption in reflectance 
index) and ARI (Anthocyanin Reflectance Index) had better 
performances in detecting the disease. 
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Rahman et al. (2018) correlated the canopy area 
of a mango orchard with 18 vegetation indexes obtained 
through high-resolution images from the WordView-3 
satellite, to estimate productivity parameters in different 
mangroves (Mangifera indica). As the surveys were 
carried out in different orchards, the performance of the 
indexes varied, due to the difference in the age of the 
trees and management practices (irrigation, pruning, 
application of fertilizers, etc.), which influence the spectral 
characteristics (reflectance) of the canopy. The results 
obtained highlighted a better performance in some of the 
vegetation indexes tested in relation to others, with NDVI / 
RED EDGE having a higher correlation for all mangroves. 
A similar study was developed by Robson et al. 
(2017) seeking to measure the variability of the production 
of avocado (Persea americana) and macadamia 
(Macadamia integrifolia Maid. Et Bet.) Through remote 
sensing by satellite. An evaluation of 18 vegetation 
indexes (IVs), derived from WordView-3 images, was 
made. For macadamia, the IVs that performed the best 
determination coefficients for total walnut weight (Kg 
/ tree) and the total number of walnuts per tree were 
RDVI1 (Red Edge Difference Vegetation Index 1) and 
N2RENDVI (Normalized difference Red Edge / NIR2 
index ), while, for avocado, the best performances were 
N1GNDVI (Green Normalized Difference Vegetation / 
NIR1 Index, CB SIPI (Coastal Blue Structure Insensitive 
Pigment Index) and N1RENDVI (Normalized difference 
Red Edge / NIR1 index). the authors concluded that 
although there is a strong relationship between the 
spectral characteristics of the trees and the measured 
yield parameters, the determination of the optimal IV 
varies according to local factors and biotic and abiotic 
interferences. 
The technological evolution of remote sensing in 
fruit growing continues to be developed and thrives mostly 
on Machine Learning techniques linked to high spatial and 
temporal resolution images, which offer new prospects for 
the identification and monitoring of plantations, allowing 
forecasts, disease monitoring and pests or crop monitoring 
based on real-time information (CALOU et al., 2019). 
Gottschall et al. (2018) highlights in his work that 
the interpretation of sensor data and the generation of 
intelligent movement strategies in real time constitute one 
of the current challenges in controlling the programmed 
movement of robotic devices.Techniques based on the 
use of computer vision have been highlighted by the 
effectiveness presented in a non-destructive way to aspects 
related to the quality and control of fruits (BHARGAVA; 
BANSAL, 2018). Therefore, the use of artificial vision 
through the use of digital images is a potential demand 
to automate the inspection of fruits (SILVA et al., 2017). 
Agriculture in general (grains, fruits and vegetables) 
is moving towards a scenario where the automation of 
processes and data science is already a reality, as this 
becomes the possibility of making adjustments in real 
time through alerts and / or warnings, act in a predictive 
manner, that is, understand some factor that may interfere 
in the field of production in advance and recognize patterns 
through groups of computer modeling approaches known 
as Machine Learning (ML), Deep Learning ( DL) and 
Artificial Intelligence (AI). But, in order to have the 
possibility of applying this science, it is essential to obtain 
data regarding the problem that is intended to be solved. 
Calou et al. (2019) claim in their work that machine 
learning tools aligned to the remote sensing landscape 
have revolutionized data processing remotely, as one 
provides support for the other. Satellites, proximal sensors, 
UAVs and even terrestrial robots equipped with sensors 
developed for plant imaging (LiDAR, RGB, infrared, 
hyperspectral, thermal, fluorescent and 3D laser scanning) 
have provided high resolution images, which ends up 
resulting in difficulties in computational processing and in 
the generation of applicable information, due to the large 
volume captured, variety and speed of data input and the 
still relative lack of knowledge about when and which ones 
would be really needed to be monitored and which data and 
when they could be disregarded. 
To solve this problem, the machine learning (ML) 
approach and algorithms that manipulate large amounts 
of data from the extraction of patterns and / or trends 
are applied, enabling the recognition of characteristics 
and supporting the four stages of decision in the 
target monitoring cycle: identification, classification, 
quantification and prediction (ICQP) (SINGH et al., 2016). 
Recently, most of the work carried out in the field 
of precision fruit growing has focused on the inspection 
of phytosanitary problems caused by biotic and abiotic 
factors in plants and fruits, as well as to obtain advance 
information on the quantity of production, count of 
plants in the orchard, evaluation of canopy, identification 
of maturation, among others. For this, researchers are 
developing methodologies that use AI, ML and DP 
algorithms, thus being able to accurately classify and 
segment data from geoscience and remote sensing 
(CSILLIK et al., 2018). 
Santos et al. (2020) developed machine learning 
methodologies, convolutional neural networks and 
Simultaneous Localization and Mapping (SLAM) 
techniques widely used in robotics to detect, segment 
and track grape clusters for wine. The authors achieved 
excellent results that enable the use of computer vision in 
photogrammetry and perceptual tasks, even in challenging 
environments such as agricultural orchards, where the 
variety of colors, sizes, shapes and structures are diverse. 
He also recommended the methodology for use in other 
perennial crops and with grape-like conduction systems, 
such as apple and peach orchards. 
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In order to identify Esca disease (Stereum 
hirsutum and Polyporus igniarus) and golden flavescence 
(Flavescence dorée) on vine leaves quickly, non-
destructively and with a good level of precision, Al-Saddik 
et al. (2018) used RGB and hyperspectral images to obtain 
spectral data from leaves. For the identification of patterns 
between infected and healthy leaves, the ML K-NN (K 
Nearest Neighbor) and SVM (Support Vector Machine) 
algorithms were used, reaching an overall accuracy of 99% 
when textural and spectral data were combined. Albertis 
et al. (2017) also sought to detect golden flavescence in 
vineyards, using multispectral images captured by a sensor 
embedded in UAV and algorithms to extract pixel patterns 
from the images and classify them into 4 classes: bare soil, 
shadows, vegetation between the lines and vegetation of 
the vines. 
Calou et al. (2019), sought to identify and 
quantify yellow sigatoka in a commercial banana area 
through UAV images and application of supervised and 
grouping classification algorithms (Maximum Likelihood, 
Mahalanobis Distance, Minimum Distance, Neural 
Networks and Suport Vector Machine). It was observed that 
the Mahalanobis Distance cluster classification algorithm 
achieved better performances to identify (99.28% accuracy) 
and quantify the degree of severity of the pathogen. 
Cheng et al. (2020) proposed a method for 
segmenting and evaluating treetops in Apple and Cherry 
orchards using Gaussian Mixture Models (GMMs) and 
the ML Extreme Gradient Boosting (XGBoost) algorithm. 
The GMM was used to segregate continuous trees and 
generate Gaussian standards to quantify the mixed cover 
resources, serving as training data for the XGBoos to 
assess the degree of mixing between the crowns. 
This information corroborates for a conquest of 
space of artificial and robotic intelligence in the Brazilian 
and worldwide fruit scene, as these tools offer precise 
solutions to manage processes involving large volume 
of data and concomitant variables related to sowing, 
harvesting, weed control, supervision of orchards, 
chemical applications, etc. 
According to Amer (2015), one of the main reasons 
for the development of automation in fruit growing is the 
reduction of costs and increased production efficiency, 
since it minimizes the need for specialized labor, generally 
the most expensive input in a system of fruit production. 
Other reasons are the need to improve food quality and 
safety, as well as automated fruit inspection. 
Neto et al. (2019) relate the beginning of automation 
in fruit growing in Brazil with coffee crops, between the 
50s and 90s and, more recently, at the end of the 20th 
century, on the harvest platforms in citrus. From there, 
there was a rapid evolution, moving from the simple 
mechanical automation phase to the instrumentation 
of monitoring processes and in precision agriculture, 
currently arriving in the development of autonomous 
vehicles. Since then, several companies have constantly 
sought to develop solutions to work with large volumes 
of production in an automated way. 
In Europe, the importance of knowing the spatial 
variability in viticulture has led to the development of 
tools based on sensors embedded in autonomous vehicles, 
allowing quick and easy data collection, generating a large 
volume of information that contribute to the identification 
and solution of problems (LOPES et al., 2017). 
It is important to keep in mind that the perennial 
plants, when not being replaced annually, accumulate 
impacts from uncontrolled factors over time (climatic, 
alternating production, anthropic, etc.), making the 
annual interventions planned to solve the problems end 
up generating only partial impacts in the short term and 
not those expected in full. This partial response ends up 
being distributed to the following years, potentiating 
the difference between the expected response and that 
obtained from the plants, making the relationship between 
the information collected by traditional methods of PA used 
in annual/biannual cultures and the responses expected 
by planning in perennial cultures unfeasible. In short, 
in the production phase in perennial foodstuffs, the time 
horizon has the capacity to redefine the impacts of planned 
interventions according to spatial variability on a recurring 
basis, including understanding the need for technical use 
of the biological crop instead of the economic crop or year 
agriculture (ZUDE-SASSE et al., 2016). This temporal 
variability has also been a developing environment for the 
application of mathematical modeling in the forecasting 
of scenarios, with the use of computational tools and the 
advancement of Artificial Intelligence. 
It is important to note that robotics in agriculture 
is not a new concept. In greenhouses around the world, 
it has been present for at least the past three decades. 
According to Pavan (2012), research was carried out 
to develop harvesters for cherry tomatoes, cucumbers, 
mushrooms and other fruits. Still in fruit growing, robots 
are being evaluated or introduced to harvest citrus fruits 
and apples. Computers and robots control the process from 
the planting of the seedlings, to the cutting of the roots, 
packaging and weighing, and the product is free of any 
stain, disease or damage caused by insects. 
Despite the emergence of prototypes capable 
of handling more delicate fruits, some fruit detection 
systems have yet to mature. The complexity of the 
natural environment of the orchards and the unstructured 
characteristics of the fruits bring great challenges for the 
identification of objects and location using robotics (BAC 
et al., 2014). 
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Methodology used in this review 
and its limits 
The following databases were used to prepare the 
research: CAPES Journal Portal, Scopus, Web of Science, 
Scholar Google, Multidisciplinary Digital Publishing 
Institute, Cellopress Selection, Elsevier, European Journal 
of Remote Sensing in order to search for updated data on 
Precision Fruit Growing and its innovations. 
The terms used in the searches were: algorithms, 
artificial intelligence, machine learning, “BigData”, 
computer vision, robotics, remote sensing, vegetation 
indexes and UAV. All terms accompanied the expression 
‘precision fruit growing’ in order to refine the research to 
the central theme of this review. The imposed chronological 
limit limited the search to the last five years. Subsequently, 
the selection was made through titles, followed by 
objectives and, when selected, by a complete reading 
of the articles, obtaining a total of 83 publications at 
various levels (Articles in journals, abstracts in conference 
proceedings, technical communications, among others), 
gathered in the analyzed bibliography item, at the end of 
this review. Finally, each article was evaluated according 
to its degree of relevance, writing and relationship to the 
main theme of this review. 
RESULTS 
Disregarding the data from 2020 (collected until 
the end of the first quarter), it can be seen that from 
2016 the production of articles focused on precision fruit 
growing doubled in volume and remained constant over 
the following three years (Figure 2) 
Of the total, 42 works are Brazilian and 41 foreign, 
being classified in different cultures and applications. Of 
these published articles, some cultures stood out such as: 
Vine (22%), Apple (10%), Citrus (10%), Banana (9%), 
Mangueira (6%), Coffee (5%), Pereira (2 %), Papaya 
(3%), Meloeiro (3%), in addition to other fruits (Avocado, 
Pineapple, Cotton, Cherry, Lychee, Macadamia, Passion 
Fruit and Olive) with 10%. Articles that did not involve 
any culture, but that somehow brought useful information 
about the application of tools in PFG in general, were also 
analyzed, being classified as general applications, reaching 
20% of the total, as shown in Figure 3. 
Figure 2. Number of publications between the years 2016 to 2020 * (* data collected until April). 
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Figure 3. Themes and cultures cited in the articles and their percentage of participation in the total. 
Therefore, an analysis was carried out by means 
of a triangulation of the main keywords, generating a 
quantitative index of the analyzed articles, which allowed 
to demonstrate the number of articles related to the subjects 
of most interest. The expressions’ vegetation indexes’ and 
‘remote sensing’ stood out among the most frequently 
used keywords, followed by ‘UAV’, ‘algorithms’,’ image 
processing ‘,’ machine learning ‘,’ automation ‘and’ 
robotics’, while more traditional ones, such as’ GIS ‘and’ 
Variable rate ‘have lost space for research importance in 
recent years (Figure 4). 
According to Neto et al. (2019), carrying out a 
similar survey ended in 2015, the most relevant issues in 
previous years in precision fruit growing were strongly 
linked to aspects related to fertility and other aspects of the 
soil (electrical conductivity, fertility, varied rate, sample 
grid, among others) , which were gradually eliminated 
from PFG research as they resulted in problem solving 
or proved not to be effective, being gradually replaced by 
remote monitoring, instrumentation, robotics or system 
data processing. This also resonates with the advancement 
of hardware and software systems available today, due 
to the lower costs and miniaturization of sensors and 
hardware available on the market. 
Crossing the data of the analyzed cultures and 
the keywords used in the articles, it was noted that the 
subjects that stood out the most today are focused on 
apple, viticulture and citrus crops (Figure 5). 
There is a justification, based on the age of PFG 
research and the importance of culture in the market for 
the behavior of the data collected and presented in figure 5. 
Historically, the culture of the vine was one of the pioneers 
in studies involving precision agriculture due to irrigation 
and automation, both in California and Australia (BASSOI 
et al., 2014; NETO et al., 2019). In addition, the grapevine, 
along with apple and citrus, are presented as some of the 
main perennial food crops in terms of marketing volume 
in the world. 
In the other cultures listed in figure 5, the texts refer 
to the degree of importance (Economic, social, etc.) given 
to the respective local perennial food species. This again 
explains the reason for the delay in precision fruit growing 
in relation to traditional PA, the specific regionalization of 
each perennial food culture, with problems and solutions 
based on its own local and temporal variability, with great 
difficulty in replicating for other agricultural situations, 
different from observed in traditional agricultural 
commodities. 
It is important to note that the demand for 
technologies in Precision Fruit Growing has increased 
considerably in recent years, however, it is still in full 
expansion and evolution. In addition, during the analysis 
and collection of keywords represented in figure 4, it 
was possible to notice the increase in relevance and 
prominence in matters related to the area of software 
and instrumentation in detriment to the development of 
heavy machines (linked to the application at a varied 
rate) , such as artificial intelligence, machine learning, 
robotics, remote sensing, use of UAVs and sensors to 
obtain different vegetation indexes or monitoring. 
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Figure 4. Quantitative graph of incidence of the main keywords used in publications. 
Figure 5. Relationship between the cultures mentioned in the publications and the themes attributed by the keywords.
 
9Precision agriculture trends in fruit growing from 2016 to 2020
Rev. Bras. Frutic., Jaboticabal, 2021, v. 43, n. 2:  (e-096) 
Final considerations 
In view of the above, it is important to note that 
currently the main trends and future perspectives for 
Precision Fruit Farming are focused on the study of 
methods and techniques for learning machines and the 
evolution and development of robotics in fruit growing, 
notably due to the concern with costs availability of labor.
It was also noted that studies in the areas linked to 
remote sensing and aimed at the analysis of vegetation 
indexes with the aid of images from Unmanned Aerial 
Vehicles (UAVs) and artificial satellites, are still in 
constant development in the area of Precision Fruit, 
demanding further studies for its establishment as an 
established methodology.
The areas traditionally seen in conventional 
precision agriculture such as fertility, weed control or soil 
mapping have not shown the same importance in precision 
fruit growing in recent years. 
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